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TinyML and Efficient Deep Learning

« Optimize the Computation Efficiency
- Inference: MCUNet for loT Devices [NeurlPS’20, spotlight]
- Training: Tiny On-Device Transfer Learning (TinyTL) [NeurlPs’20]

« Optimize the Data Efficiency
- Differentiable Augmentation for Data-Efficient GAN Training [NeurlPs’20]
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MCUNet: Tiny Deep Learning
on loT Devices
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Challenge: Memory Too Small to Hold DNN

Cloud Al Mobile Al Tiny Al
Memory (Activation) 16GB 4GB 320kB
\ 13,000x

smaller

We need to reduce the peak activation size
AND the model size to fit a DNN into MCUs. 50,000x

smaller
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Existing efficient network only reduces model size
but NOT activation size!
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TinyML: Bring Al to loT Devices

Challenging memory resource: 256KB SRAM, 1MB Flash on MCU
Key: co-design the neural architecture, the compiler and inference engine

MIT researchers have developed a system,
called MCUNet, that brings machine learning to
microcontrollers. The advance could enhance the
function and security of devices connected to the
Internet of Things (loT). ——MIT News

" TF-Lite Micro+MBV2 scaled to fit MCU
B MCUNet
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http://tinyml.mit.edu

TinyEngine: Speedup
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TinyEngine: Memory Saving
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MCUNet: TinyNAS+TIinyEngine

* ImageNet classification on STM32F746 MCU (320kB SRAM, 1MB Flash)

Baseline (Mbv2-+CMsIS) [l

49

)
System-only (MbV2*+TinyEngine)
Model-only (TinyNAS+CMSIS)

56

Co-design (TnyNAS+TinyEngine) [

ImageNet Top1: 35%

* scaled down version

45%

55%

65 %
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Once-for-All Network

Train once, get many
Redude the marginal design cost
Fit diverse hardware constraints

=+, Smaller child networks are
.4 nested in larger ones

EER

BE

FANLAIs.



Once-for-All Network -, Smaller child networks are

nested in larger ones

Train once, get many
Redude the marginal design cost
Fit diverse hardware constraints
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Once-for-All Network

Train only once, generate the entire Pareto curve

O OFA
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69

Top-1 ImageNet Acc (%)
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Samsung Note10 Latency (ms)
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https://arxiv.org/pdf/1908.09791.pdf

Once-for-All Network

Train only once, handle diverse hardware constraints

> OFA > OFA
<> EfficientNet <> MobileNetV3
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* Training from scratch cannot achieve the same level of accuracy
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https://arxiv.org/pdf/1908.09791.pdf

Once-for-All Network

> OFA + MobileNetV3 <> MobileNetV2
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https://arxiv.org/pdf/1908.09791.pdf

Once-for-All Network

* Specializing models (int4) for different MCUs (SRAM/Flash)

ImageNet Top-1 Accuracy (%)

75 The first to achieve >70%
70.7 ImageNet accuracy on
70 & | commercial MCUs
65.9 :
65 _ !
62.0 03.5 E+17“’/o
60 '
55 53.8
50

STM32F412 STM32F746 STM32F765 STM32H743
(256kB/1MB) (320kB/1MB) (512kB/1MB) (512kB/2MB)
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Once-for-All Network

Consistently Outperforms Human Baselines
Turn-key solution for many hardware platforms: CPU/GPU/DSP/FPGA

Human life 1 19023
(avg. 1 year)

American life
(avg. 1 year)

US car with fuel
(avg. 1 lifetime)

36,156

126,000

MnasNet . 454,000

1,335x%

OFA (Ours) #340 <

0 100,000 200,000 300,000 400,000
CO> Emission (1bs)

- Six first-place finishes in top competitions in efficient Al
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AutolML, Neural Architecture Search

Consistently outperforms human baselines
Turn-key solution for co-design

. /\ 14x less computation

| | | |
................................................................................... >
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© MobileNetV1 (MBNetV1)
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* Once-for-all model (ofa.mit.edu) sets a new state-of-the-art 80% ImageNet top-1 accuracy
n - under the mobile vision setting (< 600M MACs). !
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http://ofa.mit.edu
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Applicat

Ife use cases.

We focus on large-scale datasets to reflect real
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Google Speech Commands
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(b) ‘Not-person’

(a) ‘Person’
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VWW Accuracy
X 3

84

Visual Wake Words (VWW)

(a) Trade-off: accuracy vs. measured latency

-----------

MCUNet ® MobileNetV2 ® ProxylessNAS »¢ Han et al. : OOM
92 — s
:"g:‘ ::i::
90 -
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88
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86 '
+ 256kB constraint on
» MCU
84 '
0 440 880 1320 1760 2200 50 162.5 275 387.5 500
Latency (ms) Peak SRAM (kB)

(b) Trade-off: accuracy vs. peak memory
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Visual Wake Words (VWW)

(a) Trade-off: accuracy vs. measured latency

-----------

MCUNet ® MobileNetV2 ® ProxylessNAS > Han et al. : OOM
----- 92 ) —
i 2.4x% faster
90 _
e X Smallers
88
86 .
~ 3 4x faster + 256kB constraint on
» MCU
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(b) Trade-off: accuracy vs. peak memory
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GSC Accuracy
S X X
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Audio Wake Words (Speech Commands)
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(a) Trade-off: accuracy vs. measured latency
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(b) Trade-off: accuracy vs. peak memory
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Visual Wake Word Detection

* Detecting whether a person is present in the frame

MBv1+TFLite-Micro MCUNet (TinyNAS+TinyEngine)

Demo:

2&

!i.

I
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TinyML for Point Cloud

AR/VR: a whole backpack of compute

Self-driving: a wh

iPad Pro 2020
Lidar Scanner

SPVNAS (Ours): 9.1 FPS

Mobile phone: limited battery
1"

Approach
SPVNAS
TORNADONet
KPRNet
Cylinder3D
FusionNet
SalsaNext
KPConv

SqueezeSegV3

O I I R
O 0 0 0 90

-

SPVNAS, ECCV’20

mioU

67.0

63.1

63.1

61.8

61.3

59.5

58.8

55.9

accuracy ranks 1st on the SemanticKitti leaderboard

Classes (loU)
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Liu et al. ICRA21.

TinyML for Driving

30ips

MinkowskiNet 5

MinkowskiNet 18

& (w/ Kernel Optimization)
e -

Fast-LIDARNet
Inference Speed (Frames / Second)

3D LIDAR Sensor 3D Point Cloud: 2M points/s

Real-World Deployment

S evaluate ourimodelion a full- scale vehiclein the real-world
wj"h e

‘/

Demo:
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GAN Compression, CVPR’20

TinyML for GAN

Accelerating Horse2zebra by GAN Compression

Demo:

GAN Compression; FLOPs: 3.50G (16.2x); FPS: 40.0 (3.3x); FID: 53.6

Large Neural Networks Small Neural Networks

i I"IAN LLAl=


https://arxiv.org/pdf/2003.08936.pdf

TinyML for GANs

original

Demo:

@ samplel
QO sample2
QO sample3

& Vvanilla

O anycost

* Status: readv

Large Neural Networks

smiling
young

big noise
black hair
blonde hair
eyeglass

mustache

projected

Reset

Small Neural Networks

AnyCost GAN, CVPR™21

0.00

0.00

0.00

0.00

0.00

0.00

0.00
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TinyML for NLP

“Nice to meet you”

Efficient NLP on mobile devices
enable real time conversation
between speakers using different
languages

) (¢

‘Encantada de conocerte”
“OHLTA BEZFEL|

‘RS ER”

o
l:l*lil “Freut mich, dich.kennenzulernen”

Human Life
(Avg. 1 year)

American Life
(Avg. 1 year) . 36,156

US Car w/ Fuel
(Avg. 1 Iifetime)- 126,000

Evolved I 626.155
Transformer ’
HAT (Ours) l52 < 12041 x )

0 175K 350K 525K 700K

CO2 Emission (Ibs)

Large Neural Networks

Bleu Score

29

28

27

26

25

24

O HAT (Ours)

HAT, ACL’20
SpAtten, HPCA21

Layer Number Scaling of Transformer
{1 Dimension Scaling of Transformer

(2.9x Faster
3.7x Smaller __.---- 7::
';}"\" """" Transformer-Big
," Transformer-Base
: WMT *14 En-De

Raspberry Pi ARM CPU latency (s)

Small Neural Networks
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http://spatten.mit.edu
http://spatten.mit.edu

TinyML for NLP HAT, ACL20

SpAtten, HPCA21

On WMT’14 En-Fr Task

720 705 . 45
-
LL-
B 5
m 41.8 41.9
480 o 42
Q 25% -
N =
P s
[ =
S
O 240 227 39 ;
= LL]
—
n
57
2'% 28
0 36
Transformer HAT (Ours) HAT (8 bits) HAT (4 bits)

e HAT is orthogonal to general model compression techniques

H I [ |
MIT FIANIL.Al=
HAT: Hardware-Aware Transformers, ACL 2020 - 30


http://spatten.mit.edu
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TinyML for NLP

* Motivation: Attention layer in natural language processing models
Is the bottleneck for end-to-end performance.

 Main idea: Reduce the redundant computation.

1. Cascade Token and head pruning: Based on attention distribution,
we remove unimportant tokens and heads to reduce computation
and memory access.

2. Progressive quantization: progressively fetch MSB and LSB to
reduce average bitwidth. If attention distribution is flat, using MSB
IS sufficient for accuracy.

Attention Mechanism

| Soft F PRy |
maXx attention out

t t

Q*KT —t

Key

Value QjVit

embedding len

[HPCA’21] Hanrui Wang, Zhekai Zhang, Song Han; “SpAtten: Efficient Sparse Attention Architecture with Cascade Token and Head Pruning”

HAT, ACL’20
SpAtten, HPCA21

End-to-End GPT-2
Latency Breakdown

10
g | ] Others
] Attention
Attention £ g
operation is the &
bottleneck 2 4
-
2 L
49%
. LLe

TitanXp Xeon Nano
GPU CPU GPU

Cascade token and head pruning
As a visual treat, the film is almost perfect.
11 Tokens | 12 Heads
( BERT Layer 1 (100% Computation & Memory Access) ]

v

As treat, film perfect.
5 Tokens { 10 Heads

Cascade pruning ( Layer 2 (38%) )
of unimportant 1)
tokens & heads film perfect
on the fly. 2 Tokens | 8 Heads
Not affecting (Layer 3 (12%) )
accuracy. T

Sentiment Classification: Positive v
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TinyML for NLP

Platform W | RO e akory
Raspberry Pi(ARM) | 3.49 | 0.33 (5,945x) | 0.095 (2,529x)
Nvidia Nano (GPU) | 2.88 | 1.58 (1,241x) 0.55 (457x)
Intel Xeon (CPU) | 96.1 | 4.89 (401x) 0.051 (4,888x)

TITAN Xp (GPU) | 56.7 | 10.6 (185x) 0.19 (1,428x)
SpAtten-full (ASIC) | 7.96 | 1962 246

*SpAtten over general-purpose platforms

Speedup Over TITAN Xp GPU
0 }1.0 (GPU Baseline)

22.1x speedup with specialized datapath (ASIC)

22.1
- with cascade token & head pruning

+token” Y+head Yitop-k el

pruning:  pruning engne: 2.8% Speedup with progressive quantization

3 209.0
. +static quantigqtion: 1.6x +progressive qua‘ﬁtization: 1.7x
Power Performance Energy Efficiency
Platform (W) (GFLOPS) (GFLOP/J) 0 60 120 180 240
A3(ASIC) | 2.00 221 (1.6x) 269 (1.4x)
Speedup breakdown of SpAtten over GPU
MNNFast (ASIC) | 0.823 | 120 (3.0x) 120 (3.2x)
SpAtten-small (ASIC) | 0.942 360 382
SpAtten® over state-of-the-art accelerators

*SpAtten uses effective FLOPs, the pruned operations are considered executed
[HPCA’21] Hanrui Wang, Zhekai Zhang, Song Han; “SpAtten: Efficient Sparse Attention Architecture with Cascade Token and Head Pruning”
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TinyML for Video Recognition TSM, ICCV 2019

I3D:
Latency 164 3 ms/Video Somethlng -V1 Acc 41 6%

T ]

»
o
!

o

A

13
|

TSM:
Latency 17.4 ms/Video Somethlng -V1 Acc.: 43 4%

.
1
e 1
A
| 3

Speed-up: 9x
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https://arxiv.org/pdf/1811.08383.pdf

TinyML for Video Recognition TSM, ICCV 2019

I3D: TSM:
Throughput: 6.1 video/s Throughput: 77.4 video/s
Something-V1 Acc.: 41.6% Something-V1 Acc.: 43.4%

12.7x higher
throughput

M FIANLLAla


https://arxiv.org/pdf/1811.08383.pdf

TinyML and Efficient Deep Learning

« Optimize the Computation Efficiency
- Inference: MCUNet for loT Devices [NeurlPs’20, spotlight]
- Training: Tiny On-Device Transfer Learning (TinyTL) [NeuriPs’20]

- Optimize the Data Efficiency
- Differentiable Augmentation for Data-Efficient GAN Training [NeurlPs20]
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TinyTL: Reduce Memory, not Parameters
for Efficient On-Device Learning

Han Cai Chuang Gan2 Ligeng Zhu!'  Song Han’

"MIT 2MIT-IBM Watson Al Lab

i NeurlPS 2020 I'IAN LAl
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Bias update is Memory-efficient

-fmap in memory fmap not in memory i™ mobile inverted bottleneck block
learnable params fixed params weight bias
1x1 Conv Depth-wise Conv 1x1 Conv

6C, R 6C, R
Fine-tune the full network (Conventional)

C,R

Forward: a;;,; =a,W;+b.

oL . oL oL oL oL

T
Backward: = a , = W,
oW, E 0a; | 0b aaz+1 aai+2

« Updating weigjhts requires storing intermediate activations
» Updating biases does not

37

Weight update is Memory-expensive;

I'IAN LAl



TinyTL: Lite Residual Learning

fmap not in memory i™ mobile inverted bottleneck block
learnable params fixed params weight bias
1x1 Conv Depth-wise Conv 1x1 Conv
L/ L/
- / _
6C, R 6C, R
Fine-tune bias only
Downsample Group Conv 1x1 Conv Upsample
T il i
C, 0.5R — 1 GC,0.5R |

Lite residual learning

* Add lite residual modules (small memory overhead) to increase model capacity

N 38 IFIAN LAI=



TinyTL: Reduce Memory, not Parameters
for Efficient On-Device Learning

Typical L3 Cﬁhe Size: 16MB

95
TinyTL — N
T T RTEY
85 S s
O % ™ulllil
' I Ill Vo 75 +
L=J & z
. > O 65
New and Sensitive
Data
55
User Intelligent Edge Devices 45 L
0 75 150 005 300

Training Memory (MB)

Project Page: http://tinyml.mit.edu
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TinyML and Efficient Deep Learning

« Optimize the Data Efficiency
- Differentiable Augmentation for Data-Efficient GAN Training [NeurlPs’20]
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Differentiable Augmentation
for Data-Efficient GAN Training

Shengyu Zhao'2 Zhijian Liu? JiLin'  Jun-Yan Zhu34  Song Han'

MIT  2]llIS, Tsinghua University 3Adobe Research 4CMU
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Low-Shot Generation

StIeGANZ (baseline)
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Our Results

Bl StyleGAN2 (baseline) [l + DiffAugment (ours)

100% training data 20% training data 10% training data

¥

e I'IAN LAl



Fine-Tuning vs. Ours

B Scale/Shift (Noguchi etal.) B MineGAN (Wang etal.) [ TransferGAN (Wang etal.) [ FreezeD (Mo et al.)
B Ours

100000 o1

10000 R _ -
38.25
No pre-training
1000
25.5
100 ---- - - -
12.75
10
1 0

Data Performance
100-shot Obama

e I'IAN LAl

# Training Images
FID!




Summary: TinyML and Efficient Deep Learning

Cloud Al Mobile Al Tiny Al
ResNet MobileNet MCUNet

« Optimize the Computation Efficiency

- Inference: MCUNet for loT Devices neurips20, spotiight
- Training: Tiny On-Device Transfer Learning (Tiny TL) neurps-20]
« Optimize the Data Efficiency

- Differentiable Augmentation for Data-Efficient GAN Training eurips'20;

U Project Page: http://tinyml.mit.edu IFIAN LLAIl=




TinyML and Efficient Al

;7 FIAN LAl

Hardware, Al and Neural-nets

O aithub.com/mit-han-lab
& voutube.com/c/MITHANLab

(D songhan.mit.edu
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